• This is a working paper. 
ABSTRACT:
In one of the first stand-alone studies covering the whole of the Indonesian banking industry, and utilising a unique dataset provided by the Indonesian central bank, this paper analyses the levels of intermediation-based efficiency obtaining during the period [2003] [2004] [2005] [2006] [2007] . Using a new approach (i.e., semi-oriented radial measure Data Envelopment Analysis, or 'SORM DEA') to handling negative numbers (Emrouznejad et al., 2010) and combining it with Tone's (2001) slacksbased model (SBM) to form an input-oriented, non-parametric SORM SBM model, we firstly estimate the relative average efficiencies of Indonesian banks, both overall, by group, as determined by their ownership structure, and by status ('listed'/'Islamic'). For robustness, a range-directional (RD) model suggested by
Silva Portela et al. (2004) was also employed to handle the negative numbers. In the second part of the analysis, we adopt Simar and Wilson's (2007) bootstrapping methodology to formally test for the impact of size, ownership structure and status on Indonesian bank efficiency. In addition, we formally test the two models most widely suggested in the literature for controlling for bank risk -namely, those involving the inclusion of provisions for loan losses and equity capital respectively as inputs -to check the robustness of the results to the choice of risk variable.
The results demonstrate a high degree of sensitivity of the average bank efficiency scores to the choice of methodology for handling negative numbers -with the RD model consistently delivering efficiency scores some 14% on average above those from the SORM SBM model -and to the choice of risk control variable under
INTRODUCTION
Empirical studies of bank efficiency have mushroomed in recent years as interest has spread beyond banking markets in North America and Western Europe and modelling methodologies have evolved to tackle the increasingly-complex nature of banking operations and their diverse operating environments. On the modelling front, there is a schism between the proponents of parametric and non-parametric approaches to assessing bank efficiencies, while elsewhere debates rage about the appropriate form of the input/output specifications -the traditional 'intermediationbased' approach versus the 'production' or 'profit/revenue' approaches (see Drake et al., 2009 ) -to be adopted, the merits of allowing for 'slacks' in non-parametric modelling, the optimal orientation of the model (input versus output versus nonoriented) and the best way to control for risk (for a recent literature review addressing all these issues see Fethi and Pasiouras, 2009) . Our personal preferences are as follows. Firstly, we prefer to use DEA rather than stochastic frontier analysis (SFA)
because it does not require any assumptions to be made about the distribution of the inefficiency nor require a particular functional form in the construction of the frontier.
Secondly, we believe that, in this study, the intermediation approach rather than the production or profit/revenue approaches should be adopted because of the Indonesian banking industry's state of development (i.e., it has moved beyond the basic level but is not as sophisticated as more mature Western systems fully engaged in derivatives markets, heavy involved in 'structured' products and widely diversified in off-balance sheet activities). Thirdly, we favour an input-orientated model because we would argue that Indonesian bank managers are likely to have more control over inputs than outputs. Fourthly, we prefer loan loss provisions to equity capital as the risk control variable on the grounds that the main risk facing Indonesian banks today is still credit risk, in part because of the restraining influence exercised by the banks' regulator, Bank Indonesia, on the banks' assumption of market, liquidity and other types of risk.
As for the chosen approach for handling negative numbers, however -see below -we use a robustness check, in this case using equity capital instead of loan loss provisions. And fifthly, we opt for Tone's (2001) SBM, because standard DEA models based on the Banker et al (1984) specification fail to allow for additional potential input reductions (i.e., due to the existence of 'non-radial input slacks'; see Fried et al, 1999) .
For these reasons, we choose to adopt a non-parametric approach to efficiency estimation (input-oriented Data Envelopment Analysis (DEA)), based upon the intermediation activities of banks and accounting for output and input slacks.
However, to handle the negative numbers in the data, we use, for the first time (as far as we are aware), the approach suggested by Emrouznejad et al (2010) The paper is structured as follows. In Section 2, we briefly set out the structure of the Indonesian banking system, highlighting the respective asset and deposit shares of the different groups. In Section 3 we present the modelling methodology, the nature of the dataset used, and the input/output variables deployed in the intermediation-based efficiency analysis. In Section 4 we set out our results, and explain their policy implications. And, in Section 5, we summarise and conclude.
THE INDONESIAN BANKING INDUSTRY: A BRIEF STRUCTURAL

REVIEW
As shown in Table 1 , at the end of 2007 there were 130 banks operating in Indonesia with a combined balance sheet of over IDR 1,986 trillion (US$ 213 billion).
This comprised 5 state-owned banks, 35 foreign exchange private banks, 36 nonforeign exchange private banks, 26 regional government-owned banks, 17 jointventure banks and 11 foreign banks. This number compares with a total of 222 banks which were in existence at the end of December 1997 and reflects a post-Asian financial crisis policy of consolidation through liquidation and suspension, as agreed with the IMF following the country's bailout (see Jao, 2001 , Chapter 2), and more recently, though officially-encouraged mergers. The asset shares of the various groups are highlighted in Table 1 and their deposit shares in Figure 1 .
INSERT TABLE 1 AND FIGURE 1
Since In summary, the changes outlined above and set in train by Bank Indonesia allowed the banks to put many of their previous problems behind them and contributed towards increased financial stability in Indonesia. Hence, the period 2003 to 2007 is an ideal era in which to analyse the evolution of Indonesian bank efficiency post-AFC. We next discuss the data and methodology used to estimate the efficiencies across the different sectors of the Indonesian banking system.
DATA AND MODELLING METHODOLOGY
Estimation of Efficiency
Estimation of a bank's level of efficiency involves a comparison of its actual and best possible performances, given the inputs and outputs specified. In this study, we focus on input-reduction strategies and evaluate input-oriented efficiency measures estimating by how much banks could reduce the usage of their resources (inputs) given the outputs they produce. Formally, the optimum level of inputs is given by the relevant frontier which represents the common technology T banks use to transform inputs X (m × n) into outputs Y (s × n), given by equation (1):
However, given that the true frontier is not observable, it can be approximated by a 'best-practice' frontier, in which the literature has posited two estimation approaches, the non-parametric and parametric methodologies. The former approach is based on mathematical programming and the latter makes use of econometric estimation techniques. The main advantage of the non-parametric technique is that it does not assume any functional form in the construction of the frontier, unlike its parametric counterparts (for further discussion, see Coelli et al. 2005) . In this paper,
we therefore utilise the non-parametric linear programming technique, DEA, which originated from Farrell's (1957) seminal work and was later extended by Charnes et al., (1978) , Banker et al. (1984) and Färe et al. (1985) , to estimate the frontier. In We thus use the following formula to estimate the efficiency scores:
where the negative outputs of banking production (e.g., in the profit/loss accounts) 
In formula (3),
is a range directional vector and captures all possible reductions of bank o's resources.
Finally, to test which bank-specific factors have an impact on banking efficiency, in the second stage of this analysis the efficiency measures ĵ ρ , estimated using programs (2) or (3), are regressed on j z , a set of explanatory variables such as ownership, status and size dummy variables. The specification of the truncated regression used in this study is as follows:
where β is a vector of parameters associated with each factor to be estimated. The distribution of the error term j ε is assumed to be truncated normal with zero mean and unknown variance. The left and right truncation points of the s '
respectively (for further details on the bootstrapping techniques utilised see Kenjegalieva et al., 2009 ).
Finally, to evaluate the possible difference of efficiency scores obtained under the alternative methodologies of incorporating risk, namely using provisions for loan losses (LLP) or equity capital (EQ), we test the following hypothesis: Li (1996) test is performed. In addition, for density and interdensity mobility analysis of efficiency scores, we also utilize the kernel density approach suggested by Tortosa-Ausina (2002a , 2002b .
Data and Input/Output Variables
This paper utilises quarterly supervisory data from Bank Indonesia and covers the period 2003 -2007 . In modelling the intermediation approach, we specify three outputs and four inputs, in line with Sealey and Lindley (1977) -see Table 2 for the summary statistics. The first output is 'total loans' (total customer loans), the second output is 'other earning assets' (placements in Bank of Indonesia + interbank assets + securities held + other claims + equity participation + cash), and the third output is 'net total off-balance-sheet income' (net income from dividends/fees/commissions/provisions + net income from forex/derivative transactions + (securities appreciation -securities depreciation) -insurance expenses -capital market transactions). The third output variable set is included to proxy the non-traditional business activities of Indonesian banks.
INSERT TABLE 2
The inputs estimated in the intermediation approach are: 'total consumer deposits and commercial borrowing' (demand deposits + saving deposits + time deposits + liabilities to Bank of Indonesia + inter-bank liabilities + securities issued + borrowings + other payables + guarantee deposits + inter office liabilities); 'total employee expenses' (total salaries and wages + total educational spending); and 'total non-employee expenses' (R & D + rent + promotion + repair and maintenance + goods and services + other costs). We also use 'total provisions' (allowances for loan losses) in Model 1 and 'Equity Capital' in Model 2 as risk control variables, as discussed above. With respect to this input variable, it has long been argued in the literature that the incorporation of risk/loan quality is vitally important in studies of banking efficiency (Altunbas et al, 2000; Drake and Hall, 2003) . While Akhigbe and
McNulty (2003), for example, include equity capital "to control, in a very rough fashion, for the potential increased cost of funds due to financial risk" (page. 312), Laevan and Majnoni (2003) argue that risk should be incorporated into efficiency studies via the inclusion of loan loss provisions. Although, as agued earlier, we favour the use of loan loss provisions in this study as the risk control variable, we run both models in recognition of the schism in the literature.
RESULTS
The non-parametric frontier constructed in this study represents the 'best approximated' frontier as it is based on the practices of all but one of the Indonesian banks operating in 2003 -2007 . The average efficiency scores across the different types of banks, estimated for both models (i.e., using SORM SBM and RD), are given in Tables 3 and 4. 3
INSERT TABLES 3 AND 4
As can be seen from the two tables, the estimated efficiency scores are very sensitive to the choice of methodology for handling negative numbers (i.e., SORM SBM or RD) -see also Figure 2 -the latter delivering overall scores, on average across the two models, some 14% higher than the former. In part, this is due to the fact that, by construction, the SBM efficiency scores must be less than or equal to the efficiency scores resulting from the non SBM-based range-directional model (see Tone, 2001 ). Furthermore, group rankings appear somewhat sensitive to both the choice of modelling methodology and the choice of risk control variable, although most model combinations have the 'state-owned' banks amongst the most efficient, with all models showing the 'regional government-owned' grouping as the least efficient -see also Table 5 .
INSERT FIGURE 2 AND TABLE 5
Similarly, the sensitivity of the SORM SBM and RD overall results to the choice of risk control variable appears somewhat low, although formal statistical tests (see Table 6 ) demonstrate that, under the RD model at least, the sensitivity is in fact extremely high as the null hypothesis that the efficiency scores have common distributions is rejected at the 5% significance level.
INSERT TABLE 6
Looking at the results in more detail, we can see that average bank efficiency within the industry during the analysed period lay between 58% and 63% for the SORM SBM model, and between 72% and 79% for the RD model. The efficiency scores were higher, but only marginally, when equity capital is used as the risk control variable within the SORM SBM model, but marginally lower within the RD model.
As for the group rankings, under the RD model, the most efficient group of banks was the 'state-owned' group, recording an average efficiency of over 90% regardless of the choice of risk control variable; while the least efficient group of banks, recording an average efficiency score of around 63%, was the 'regional government-owned'
group. The latter group also fared the worst under the SORM SBM model, with an average efficiency of around 45%, although the best-performing groups were the 'non-foreign exchange private' banks and 'foreign' banks, recording virtually identical average scores (75%) when equity capital is used as the risk control variable, and average scores of 79% and 64% respectively when loan loss provisions are used as the risk control variable.
As for the impact of 'status' rather than 'ownership structure' on the average efficiency scores, listed banks were shown to be more efficient (with average efficiency levels of around 80%) than the average bank (around 75%) under the RD model but not under the SORM SBM model, where their average efficiency score of around 57% was marginally less than that of the average bank, at around 61%.
Meanwhile, Islamic banks were shown to have enjoyed overall efficiency levels of around 80% under the RD model, but only around 54% under the SORM SBM model.
With respect to the bootstrapping results, the rankings presented in Table 5 are largely supported. For example, under the RD model when using loan loss provisions as the risk control variable, the ranking of the groups in descending order of performance is: 'state-owned' banks (used as the control group); 'non-foreign exchange' banks; 'joint venture' banks; 'foreign-exchange' banks; 'regional government-owned' banks; and 'foreign' banks -see Table 7 . Moreover, this ranking is significant at the 1% significance level. Similarly, again mainly at the 1% significance level, 'foreign' banks are shown to be the most significant group followed by, in descending order of performance, 'state-owned' banks, 'joint venture' banks, 'non-foreign exchange' banks, 'foreign exchange' banks, and 'regional government-owned' banks, when equity is used as the risk control variable (see Table   8 ). Under the SORM SBM model, 'state-owned' banks again come out on top with the 'regional government-owned' group performing the worst when loan loss provisions act as the risk control variable -see Table 9 . While, when equity capital is used as the risk control variable, 'foreign' banks emerge as the best performers, with, once again, the 'regional government-owned' group emerging as the worst performer -see Table 10 . These results confirm the earlier finding that, in general, the 'stateowned' group are the most efficient with the 'regional government-owned' the least efficient.
INSERT TABLES 7, 8, 9 and 10
Turning to the impact of 'status' on the efficiency scores, the results reveal that 'listed' banks are shown to perform better than the industry average in all but one of the model combinations i.e., when loan loss provisions act as the risk control variable under the RD model. Likewise, the 'Islamic' banks perform better than the industry average in all bar one scenario i.e., when equity capital is used as the proxy for risk under the SORM SBM model.
In relation to the impact of size, the results are ambiguous. Under the RD model, for example, and irrespective of the choice of risk control variable, large banks are shown to out-perform medium-sized banks (used as the control group) which, in turn, out-perform small banks, all with 99% certainty (see Tables 7 and 8 ). Under the SORM SBM model, however, large banks' performance is not significantly different from that of the medium-sized banks when equity capital is used as the risk control variable, although medium-sized banks are shown, but only at the 10% significance level, to out-perform small banks (see Table 10 ). Moreover, when loan provisions act as the risk control variable, medium-sized banks are shown to out-perform both large and small banks, with the large banks being the least efficient, again all at the 1% significance level.
Finally, in respect of the kernel-density analysis, the differences between the efficiency distributions arising from the risk modelling methodologies and performance measurement models are shown in Figure 3 . The most significant discrepancy in the densities of efficiency scores reported by the different risk modelling approaches is observed in the RD models. This divergence is visible not only in the shape of the densities, but also in their modes and modality. 
INSERT FIGURE 3
Although the shape of the densities of efficiency scores estimated by different approaches is fairly different, the estimated modes are roughly at the same level across the efficiency measuring models with RD being an exception in 2005-2007. As distribution analysis suggests, the efficiency scores calculated by different risk modelling specifications are more stable across the SORM SBM efficiency evaluation method. This is in line with the results of the equality test of efficiency scores using
Simar-Zelenyuk-adapted-Li test for equality of efficiency distributions (see Table 6 ).
However, the analysis of the distribution of efficiency scores does not provide any information about the banks' relative positions, therefore the stochastic kernel density analysis of normalised efficiency scores are visualised. Figure 4 displays stochastic distributions of the LLP and EQ risk modelling across the SORM SBM and RD methods of calculating efficiency. As seen from Figure 4 , the probability mass in SORM SBM models is concentrated along the diagonal line but widely spread. On the other hand, the probability mass for RD somewhat ignores the diagonal line but is more narrowly positioned. These results suggest that the banks with efficiency scores close to the probability mode tend not to change their relative position when different risk modelling is used in the SORM SBM approach. In the case of RD approach, however, banks with efficiency scores close to the mode tend to slightly change their relative positions.
INSERT FIGURE 4
Unfortunately, neither of the existing published bank efficiency studies The second paper touching upon Indonesian bank efficiency is that of Williams and Nguyen (2005) , which, like us, adopted an intermediation-based production approach and also controlled for various types of bank risk when examining the profit efficiency of Indonesia's banks over the period [1990] [1991] [1992] [1993] [1994] [1995] [1996] [1997] [1998] [1999] [2000] [2001] [2002] [2003] . The only finding of relevance for our study, however, is that increased foreign ownership did not lead to a long term improvement in profit efficiency. While our study does not correlate the degree of foreign ownership with efficiency scores the implied finding that foreign banks are not typically the best performers in the Indonesian banking sector is consistent with our own findings, where 'foreign' banks are the best performers only under the RD model when equity capital is used as the risk control variable.
SUMMARY AND CONCLUSIONS
Using a unique dataset provided by Bank Indonesia and adopting inputoriented SBM (Tone, 2001) group, with an average efficiency score of 79%, but when equity capital was used as the risk control variable, the 'non-foreign exchange' and 'state-owned' banks performed the best (74%); (iv) the 'regional government-owned' banks were shown to be the least efficient in both models -worryingly given that they have the 3 rd largest share (9% at 1.1.08) of customer deposits -recording average efficiency levels of between 39% and 66%; (v) listed banks, were shown to be more efficient (with average efficiency levels of around 80%), than the average bank under the RD model The findings therefore suggest a future Indonesian bank efficiency research agenda embracing formal analysis of the potential gains to be made from further mergers in the banking industry. In addition, it would be informative to examine the impact of external and regulatory factors on the evolution of the Indonesian banking industry since before the AFC and to compare industry performance with that of other ASEAN banking systems. Our future efforts, accordingly, will be focused in these areas.
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